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Abstract—Diffusion Tensor Imaging (DTI) provides the possi-
bility of estimating the location and course of eloquent structures 
in the human brain. Knowledge about this is of high importance 
for preoperative planning of neurosurgical interventions and for 
intraoperative guidance by neuronavigation in order to minimize 
postoperative neurological deficits. Therefore, the segmentation of 
these structures as closed, three-dimensional object is necessary. 
In this contribution, two methods for fiber bundle segmenta-   
tion between two defined regions are compared using software 
phantoms (abstract model and anatomical phantom modeling    
the right corticospinal tract). One method uses evaluation points 
from sampled rays as candidates for boundary points, the      
other method sets up a directed and weighted (depending on        
a scalar measure) graph and performs a min-cut for optimal 
segmentation results. Comparison is done by using the Dice 
Similarity Coefficient (DSC), a measure for spatial overlap of 
different segmentation results. 
 
Index Terms—diffusion tensor imaging, fiber tracking, segmen-
tation, ray-based segmentation, graph-based segmentation 
I. INTRODUCTION 
Diffusion Tensor Imaging (DTI) is a non-invasive imaging 
modality that facilitates the estimation of location and course 
of white matter tracts in the human brain in-vivo. This 
information about eloquent structures is of main importance 
for neurosurgical interventions. Major white matter tracts like 
the corticospinal tract have to be protected during intervention 
to avoid preoperative neurological deficits. Therefore, the 
eloquent structures are reconstructed from DTI data for 
preoperative planning and intraoperative visualization in the 
operating room microscope. For this purpose a corresponding 
3D object has to be created to visualize the bounding     
curves, that show the extent of the fiber bundle, which is 
indispensable for the intervention [1], [2]. 
 
 DTI allows the estimation of white matter tracts based on 
the measurement of water diffusion. Based on diffusion-
weighted pulse sequences (at least six diffusion-weighted im-
ages with different gradient directions besides one unweighted 
image) that are sensitive to the random motion of the water 
molecules, 2nd order tensors can be calculated for each voxel, 
described by the symmetric diffusion tensor matrix D: 
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Three eigenvectors ( 321 ,, eee
rrr ) and the corresponding 
eigenvalues ( 321 ,, λλλ ) can be calculated by diagonalizing  
D, describing the three main diffusion directions and its 
magnitude [3], [4], [5]. Depending on this characteristics, 
different scalar anisotropy measures can be defined like the 
fractional anisotropy (FA) [6]. The FA value describes the 
fraction of the ”magnitude” of D that is ascribed to the 
anisotropic diffusion [3] and is mentioned by [7]. 
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Depending on the tensor and the derived measures two 
algorithms for fiber bundle segmentation have been developed 
and will be evaluated against each other. 
 
There exist some approaches to reconstruct white matter 
tracts and to visualize a closed segmented 3D object. Based  
on fiber tracking, which only delivers a set of streamlines   
with no border information, hulls can be generated to 
overcome this limitation. This can be done in several ways  
like described in [2], [8] by generating a surface that wraps  
the computed streamlines with the help of bounding curves 
along the fiber tracking result. Another method was presented 
by [4], describing a directed volume growing approach. 
 
This contribution is organized as follows. Section II de-
scribes the two developed segmentation algorithms. In Section 
III both approaches are compared against each other. Section 
IV concludes the paper and outlines areas for future work. 
II. METHODS 
A. Preprocessing 
Both methods depend on the same preprocessing step for 
segmentation of a fiber bundle. With the help of a user  
defined and manually placed seed region (as 2D contour) a 
deterministic fiber tracking algorithm (sampled 2D contour 
delivers set of seed points) is applied to reconstruct an initial 
set of fiber tracts. With the help of two include regions the 
tracking results are restricted to the structure of interest. Based 
on the tracked fibers the centerline of the bundle is calculated 
by averaging the sampled fibers, as described by [9]. The 
calculated centerline is now sampled at n points (see Figure 1). 
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Fig. 1. Preprocessing part one (from left to right): (1) Fiber tracking with 
given seed region, (2) manually placing of include regions, (3) cropping of 
tracking result, (4) centerline calculation, (5) centerline sampling between 
include regions. 
 
 
Fig. 2. Preprocessing part two: plane calculation along centerline and sending 
out rays for evaluation point determination. 
 
For each point a plane is generated upright to the centerline’s 
direction given by the difference of two consecutive centerline 
points. Within each plane, k equidistant distributed vectors are 
send out and each of them is sampled at m equally spaced 
points (with distance d). This results in a set of n * k * m 
evaluation points for segmentation (see Figure 2). 
 
B. Ray-based Segmentation 
 For the ray-based segmentation some information derived 
from the diffusion tensors is determined for each evaluation 
point: 
• FA value 
• angle 
cα  between main diffusion direction of the cor-
responding (in plane) centerline point and the main 
diffusion direction of the evaluation point 
• angle 
nα  between the main diffusion direction of the 
evaluation point and the previous evaluation point along 
the ray 
Now every ray is analyzed using the mentioned parameters 
FA value, 
cα  and nα  with the help of threshold criteria, 
concerning the actual evaluation point and r previous (if 
possible) evaluation points along the ray, where r is given     
by r ≥  voxeldiagonal/d. This guarantees that at least two 
voxels are considered for the decision to reduce the influence 
of noise. 
Afterwards, different postprocessing steps can be used for 
smoothing the calculated point cloud. For this purpose an     
in-plane correction scheme can be applied, that prevents the 
single 2D contours from extreme outliers. For intra-plane 
correction the found boundary points of the rays with the same 
index of consecutive planes are considered and corrected to 
have similar distances to the centerline. For further details see 
[10], [11]. 
 
C. Graph-based Segmentation 
 The graph-based segmentation method uses up to now only 
the FA value of the evaluation points for the decision of 
belonging to the fiber bundle or not. For this purpose a directed 
and weighted graph G = (V,E) is set up, whereas the 
construction is based on the methods introduced in [12], [13], 
[14]. Besides all evaluation points as nodes v∈V of the graph, 
two additional nodes s and t are inserted as source and sink. 
The edges e∈E are connecting respectively two nodes. The 
weights are set to maximum weight ( ∞ ) for edges connecting 
the points of one ray (see Figure 3 top), the points of the   
same rays of neighbored planes (see Figure 3 bottom) and    
the points of neighbored rays of the same plane (see Figure 3 
middle) using additionally defined parameters for smoothness. 
Edges connecting the points to sink and source are weighted 
depending on the FA value of the point and the average FA 
value of the fiber bundle. For further details see [15]. 
After graph construction a minimal cost closed set is com-
puted via a polynomial time s-t-cut [16], delivering an optimal 
segmentation (depending on the weightening function) of the 
fiber bundle as set of boundary points. 
 
D. Postprocessing 
In order to use the found boundary, given as set of boundary 
points, for preoperative planning and intraoperative visualize-
tion a 3D object has to be created. Due to the point order, given 
by the planes and rays, two neighbored 2D contour point sets 
are triangulated like shown in Figure 4. Finally, the first and 
last 2D contour are triangulated by using the centerline point 
of the corresponding plane respectively to form a closed 3D 
object. 
 
E. Data 
For evaluation and comparison of the two approaches soft-
ware phantoms are used, to have ground truth data to compare 
against. As first software phantom a portion of a torus with a 
voxel size of 1× 1× 1mm3 and a diameter of 10mm of the    
area cross-section [17] is used. As first step towards more 
anatomical data, another software phantom (see Figure 5)   
with similar resolution is used [18]. Besides a modeled right 
corticospinal tract also several tissues like white matter, gray 
matter and cerebrospinal fluid are modeled. 
III. RESULTS 
Both methods were implemented in C++ within the medical 
platform MeVisLab [19] and were executed on an Intel Core  
2 Quad CPU, 3GHz, 6 GB RAM, Windows XP Professional 
2003, SP 2. 
With the knowledge of dimension and location of the 
modeled  fiber  tracts  of  the  software phantoms, the cutout of 
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Fig. 3. Principle of ∞ -weighted edge construction: along single rays       
(top), between neighboring planes with smoothness parameter 1 (middle) and 
between neighboring rays of the same plane with smoothness parameter 1 
(bottom). 
 
 
Fig. 4. Triangulation scheme for two neighbored point sets of 2D contours. 
 
the model between the two manually places regions and the 
calculated contour given by the two algorithms are compared. 
For this purpose the given reference fiber bundle and the 
segmented fiber bundle are used. For comparison, the Dice 
Similarity Coefficient (DSC) was used [20], [21]. The DSC is 
commonly used in medical imaging studies in order to quantify 
the degree of overlap between two segmented objects A and   
B and is given by: 
 
BA
BA
DSC
+
∩⋅
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Fig. 5. Brainweb-based software phantom [18] with modeled right corti-
cospinal tract (blue): view from the right side (top) and view from the front 
(bottom) 
 
TABLE I 
EVALUATION RESULTS OF BOTH SEGMENTATION APPROACHES FOR THE 
TORUS SHAPED SOFTWARE PHANTOM (TOP) AND THE ANATOMICAL 
SOFTWARE PHANTOM WITH MODELED CORTICOSPINAL TRACT (BOTTOM). 
 
 
 
Both approaches were applied to the given software-
phantoms, the portion of torus and the anatomical phantom 
with modeled corticospinal tract, with different parameter 
configurations like smoothness control within the graph-based 
approach or application of correction schemes within the ray-
based approach. The evaluation of the created segmentations 
induced a mean DSC for the ray-based approach of 85.00% 
while the graph-based approach yielded a DSC of 73.95% like 
given in Table I. An example of boundary estimation with the 
help of the graph-based approach is shown in Figure 6, where 
a part of the right corticospinal tract is modeled. 
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Fig. 6. Segmentation result (boundary point cloud) for the second software 
phantom describing the modeled right corticospinal tract. 
 
IV. CONCLUSION 
In this paper, two approaches for determination of the    
fiber bundle boundary were introduced and compared to each 
other. Both approaches use a centerline derived from initial 
tracking between two manually placed regions for identifying 
the structure of interest. After sampling the centerline and    
the calculation of planes up right to the centerlines direction, 
rays are sent out and sampled within each plane, creating a   
set of evaluation points. The ray-based approach searches for 
boundary points along each ray. The graph-based method sets 
up a directed and weighted graph and calculates a min-cut, 
delivering an optimal segmentation, based on the given cost 
function. Both approaches result in a set of boundary points 
that were triangulated for 3D object generation. 
Both approaches were evaluated against each other       
using software phantoms by calculating the Dice Similarity 
Coefficient showing a higher DSC for the ray-based approach 
(85.00%) in contrast to the graph-based method (73.95%) 
depending on only one scalar measure. 
 
There are several areas of future work. In the case of        
the ray-based approach additional tensor information (other 
scalar measures directed diffusion [7]) could be considered  
for boundary estimation along the rays or the area of interest 
for each decision could be enhanced to neighboring rays      
and planes instead of single rays. In case of the graph-      
based method an extended cost function for graph-weighting 
considering direction information and other scalar measures 
would be a possible extension. 
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